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* Fine-Tuning of a pre-trained model: Opus-MT de-en model

Data augmentation @l _
 Warm-start training (Nguyen and Chiang, 2007)

 Combined preprocessed text, Back-translation, Forward-translation and
Tagging
Semi-supervised NMT
 Copy a monoligual dataset to both source & target side (Currey et al., 2017)
and combine with the SL parallel dataset

Multilingual NMT (Johnson et al., 2017)
* Train NMT system with both SL dataset and large-scale de-en dataset
* Add target-language-indicator before each source sentence

Results Human evaluation for best scoring systems
Automatic MT metrics results for possible settings
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The first work on text-to-gloss machine translation

* to achieve significant improvements on the two known German SL datasets
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